The detection of seismic events at regional and teleseismic distances is critical to Nuclear 1 Treaty Monitoring. Traditionally, detecting regional and teleseismic events has required the use of 2 an expensive multi-instrument seismic array; however in this work, we present DeepPick, a novel 3 seismic detection algorithm capable of array-like performance from a single trace. We achieve this 
Introduction

20
Adherence to the comprehensive nuclear test ban treaty is currently verified by the detection, 21 location and identification of seismic events, often at regional (>500km) and teleseismic distances (>1000km). Seismic detection is the critical first step in this process, and it is imperative that the events 23 be detected by multiple stations, as this increases the overall accuracy of the final location estimate. As 24 such, maintaining a large network of highly-sensitive seismic detectors is key to the treaty monitoring 25 community [1] [2].
26
Traditionally, sensitive teleseismic detection has required the use of a multi-instrument seismic 27 array, a strategy which dates back to the Geneva Conference of Experts in 1958 [3] . The sensitivity 28 is achieved through beamforming [4], a spacial filtering technique that relies on a tuned network 29 of interconnected seismometers which form a single station. This technique is extremely effective, the algorithm against five years of data from six of the arrays, and testing it against a full year of data 48 from the seventh, remaining array. All seven arrays are tested in this manner, resulting in a overall 49 recall of 72.6% at an alpha of 0.01. This represents a marked improvement over the 16.5% detection 50 rate found in the traditional single-trace catalogs over the same time period.
51
Within this work, we present three major contributions to the literature:
52
• We present our unique high-fidelity dataset, which combines single-trace waveforms with array 53 catalog labels to create a seismic detection training set suitable for deep learning
54
• We present exponential sequence tagging, the novel labeling schema we use to offset the extreme 55 class imbalance inherent in the teleseismic detection task
56
• We present DeepPick, a single-trace detection algorithm capable of achieving array-level 57 performance from a single sensor 58 In the remainder of this work, we explore these contributions in detail by first reviewing the 59 related literature, then outlining our methodology, and finally detailing and discussing our results. These results compare favorably with STA/LTA. Their work is quite promising, with excellent results, 84 however, the signals investigated were once again limited to strong, local signals; the furthest signals detected had epicenters no more than 5 degrees (∼550km) from the recording sensor. In [6], the researchers also utilize a deep CNN to perform seismic signal detection on local events.
101
Their dataset consisted of 4.5 million 4 second windows of waveform data recorded and classified
102
by the Southern California Seismic Network. Their task was formulated as a classification problem, 103 assigning one of three classes to each window, P-wave, S-wave and noise. This resulted in 1.5 million 104 windows containing a P-wave arrival, 1.5 million windows containing an S-wave arrival and 1.5 105 million windows including no arrival. Their validation set consisted of a randomly sampled 25% of 106 the overall data, resulting in 1.1 million seismograms evenly split between the three classes. On the 107 validation set, they report a recall of 96% at a type-I error rate of less than 1%. These results are very 108 impressive, and show that the convolutional neural network is capable of achieving state-of-the-art 109 performance on the seismic signal detection task. Once again, a limitation of this work is that it is 110 applicable only to local signals, and the researchers limited their scope to signals originating within 111 100km of the recording station. Additionally, due to the fact that only a quarter of a million events 112 were considered, while 1.5 million records were used, it is unclear whether or not there was some 113 leakage from the training set into the validation set. This is exactly the research objective our work shall address. 
Materials and Methods
124
Our stated objective is to build a single-trace detection algorithm capable of detecting weak 125 regional and teleseismic signals with array-like performance. We know that such detections are 126 possible using a full seismic array and we have seen the potential for achieving such detections using 127 a deep neural network. With this knowledge as our guide, our approach is to employ a deep TCN 128 model, feed it a single-trace input sequence, and train it to produce an output sequence based on an 129 array beam catalog. In this section, we explore this approach in detail, first defining our dataset, and 130 then describing our modeling strategy. 
Data Collection
Exponential Sequence Tagging
157
Now that we have established high-fidelity sources for both our waveforms and arrival times,
158
we must formulate them into input/output pairs for training our seismic detector. Typically, seismic 159 detection is formulated as a binary classification task; the input data is partitioned into fixed length To resolve this conflict, we reformulate the task. Instead of performing binary classification 174 on each window, we perform regression on each sample, which is known as sequence-to-sequence 1), where λ is the decay rate.
Because each leg of the mirrored exponential decay function is both monotonic and deterministic, 188 the value at each non-zero label can be used to directly infer the precise arrival time. And because 189 the algorithm learns to match these labels with its output, every non-zero sample in the output is 
211
To build our testing dataset, we also obtained a catalog of all local, regional and near-teleseismic 
Modeling
221
Now that we have defined our dataset, we turn to a precise description of our modeling 222 methodology, detailing the model architecture, hyper-parameter search vectors, and evaluation metrics. • Dilated convolutions allow precise control over the receptive field
231
The receptive field is of primary importance for time-series modeling, as it explicitly limits the 232 learn-able feature periodicity at a given layer. As such, one of our key design parameters was to ensure 233 adequate receptive field for our algorithm. The equation for calculating the receptive field for a given 234 convolutional layer, l, and dilation rate, d is given in (2): 
Additionally, in order to asses the value of our algorithm over existing single-trace methods,
279
we compare our performance directly against the analyst-reviewed single-trace catalogs, noting 280 particularly the increase in detector sensitivity in terms of SNR. And finally, we report our performance 281 for the arrival time estimation task, detailing our mean absolute error across all detected arrivals.
Results
283
In order to define a final model, we explored two hyper-parameter search vectors: exponential 284 decay and model capacity. We varied the decay rate between 0.015 and 0.040, and the results are given
285
in Table 2 , which shows 0.020 to be the optimal rate, with optimal recall on the validation set. Fixing the decay rate at 0.020, we next varied the overall capacity of the model by increasing both the curves are quite tight, with most curves flattening out at an alpha of only 0.3%. In Appendix A,
286
298
we further explore the performance of our algorithm by plotting several example waveforms for both 299 correct detections and missed detections. 
300
Discussion
320
The results in building our catalog for an array beam while taking our event waveforms from a single array element.
346
With this training data at our disposal, we find that the combination of temporal convolutions and 347 our unique exponential sequence tagging function forms a powerful tool for weak signal teleseismic 348 detection. In fact, the Deep Pick algorithm is able to accurately detect four times the number of events 349 in the single-trace catalogs in our hold-out test set with an alpha of just 1%.
350
The findings in this work represent an important step forward in the field of teleseismic detection,
351
and demonstrate that accurate teleseismic event detection is possible from a single seismic instrument. an application of the same technique to an entire array of channels could also prove interesting, and 359 the potential exists to improve our results significantly by simply incorporating more channels of 360 data. Additionally, the focus of this work has been primarily centered on producing a detector with 361 increased sensitivity and recall, whereas future work could focus on using similar techniques to 362 produce a detector with an even lower false positive rate.
363
There are also several obvious limitations in our work. Particularly, while we have made a Three events detected by the DeepPick algorithm; all three events were missing from both the single-trace and array-beam catalogs. These detections require additional work to be either rejected, or added to the seismic record.
